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is all that can be achieved. For widespread species, "citizen science" schemes are increasingly 48 adopted, with potentially large numbers of volunteers able to cover large geographical areas 
54
Such data usually comprise a number of simple series of counts collected to a standardised 55 protocol. Where individuals can be uniquely marked or identified by unique physical charac-56 teristics, a number of capture-recapture (or mark-recapture) modelling approaches have been 57 developed for estimating the size of a population. Collectively, these have become known 58 as "Jolly-Seber-type" models (Jolly, 1965; Seber, 1965) . Furthermore, recently developed
59
"stopover" models (Pledger et al., 2009; Matechou et al., 2013) , that build on the Schwarz 
115
As will be explained in section 2.2, the total number of parameters or combinations of 116 parameters that can be estimated by the model is equal to K. Allowing the entry prob-117 abilities to freely vary by time introduces T − 1 parameters to the model, a number of 118 which can be practically equal to 0 for data sets of the type considered in this paper, 119 since the period during which individuals arrive at the site may be much shorter than,
120
and is assumed to be encompassed by, the sampling period. Therefore, we suggest that 121 the entry probabilities are modelled/constrained using a mixture of M normal distribu-122 tions instead. Each of these distributions relates to one arrival group, eg. one distinct Similarly, we propose to model retention probabilities using parametric curves. An ex-
136
ample is the logistic curve where logit(φ ja ) = α φ + β φ · x j , ∀a where x j can correspond to 137 the value of a time-varying environmental covariate such as temperature or simply to calen-138 dar time. Another option is to use the more flexible quadratic function where logit(φ ja ) = 139 α φ + β φ · x j + γ φ · x 2 j , ∀a. Alternatively, as mentioned above, φ can be modelled as a function 140 of age, logit(φ ja ) = α φ + β φ · a, ∀j.
141
Finally, detection probabilities can be modelled either as constant over time, as appro-142 priate, or as dependent on a time-varying covariate v, such as temperature or sampling effort 143 at the time of sampling, with logit(p j ) = α p + β p · v j . As will be shown in section 2.2, in 144 the first case, parameters N and p are only estimable as a product and therefore the model 145 provides estimates of the total number of individuals that were detected at least once but 146 not estimates of the "super-population" size. In the latter case, simulations presented in sec-147 tion 3 suggest that the model becomes more "data-hungry" and richer data sets with higher 148 counts from more sites and maybe better separated groups are required for its estimates to 149 be reliable.
150
If data sets from multiple sites are available, then one can use an integrated modelling 151 8
Parameter Redundancy
Monitoring abundance and phenology in butterflies approach to analyse them simultaneously. The data set now consists of matrix Y with 152 entry y ij equal to the count obtained at site i on sampling occasion j. Specifically, for data 153 sets collected at S sites the likelihood becomes L(N, β β β, φ φ φ, p p p|Y) =
where λ ij is the Poisson mean for site i on occasion j.
155
The number of estimable parameter combinations now increases, with a maximum of ST a product with p when the latter is assumed constant for all sites and sampling occasions.
165
All of the simulation and data analysis results presented in this paper were obtained 166 using R Core Team (2013) of different values to ensure a wide search and to obtain a number of different local maxima 221 from which to choose the best i.e. the one that results in the highest likelihood value.
222
The starting value for each arrival mean can be randomly sampled from the possible 
Stopover duration
Monitoring abundance and phenology in butterflies The mean stopover duration at site i, MSD i , is equal to Simulation A1 sets S = 10, T = K = 15, N = (609, 869, 659, 848, 553, 346, 871, 875, 227, 545) , 258 M = 2 with µ i,1 = 2, µ i,2 = 7, w i,1 = 0.4, w i,2 = 0.6 and σ i,1 = σ i,2 = 1 ∀i, p i,j = 0.2 and 259 φ i,j = 0.6 ∀i, j. Fig. 2 (a) shows the counts obtained in one simulation run for all sites. (Fig. S5 ) while in simulation A7, the logarithms of µ 1 and µ 2 are regressed on 271 a fictitious covariate (Fig. S6) . The case of heteroscedastic arrival groups is examined in 272 simulation A8 (Fig. S7 ) while, finally, simulation A9 sets M = 3 with µ = (2, 6, 10) and 273 w = (0.4, 0.5, 0.1) (Fig. S8 ).
274
The results suggest that the model performs well in all of these cases. When the relation- started from ten different random starts for the parameters to determine the optimal local 338 maximum, as discussed in section 2.3 and all covariates were standardised.
339 Table 2 provides the AIC values and the number of parameters of the models considered.
340
The two models with the greatest support have the weights and mixture means dependent model, which has a constant detection probability across sites and time.
345
[ Table 3 and they are similar to those derived from the second best model, shown in Table   348 S1.
349
[ Figure S12 ) and all standard errors have been adjusted for overdispersion.
355
The estimated retention probabilities, shown in Fig curve that corresponds to the start of the season (Fig. S13 ). This is because the obtained 360 counts are considerably low in the first few weeks and the first few columns of the data set 361 are very sparse. A similar result was observed for simulated data, as mentioned in section 3.
362
The weighting of the first normal distribution increases with Northing, with the second 363 brood almost disappearing in the North (Fig. 5(b) ). The means of the two normal distribu-364 tions suggest a later time of emergence in the North (Fig. 5(c) ). This is also demonstrated 365 by the entry parameters; two relatively even broods at southern sites, with the first brood derived by the second best model, as shown in Table 2 . As expected, and especially for sites (2013)). Such models however rely on interpolating any missing values,
392
and as such estimate the total numbers of sightings, rather than individuals.
393
A GAM approach is clearly non-parametric and empirical. Our proposed method is still 
